A case study is included.
INTRODUCTION
In this paper we present an overview of the use of simulation in the design and analysis of manufacturing or warehousing systems. A more detailed discussion of simulation, in general, may be Eound in Law and Kelton or 3anks and Carson (see "REFERENCES").
There has been a dramatic increase in the use of simulation in manufacturing during the past few years. Increased foreign competition in many industries has resulted in a greater emphasis on automation to improve productivity and quality and also to reduce cost.
However, since automated systems are often considerably more complex, they typically can only be analyzed by a powerful tool like simulation. Reduced computing costs and improvements in simulation languages (which have reduced model development time) have also led to the increased use of simulation. Finally, the availability of graphical animation has resulted in a greater understanding and use of simulation by engineering managers.
Why (Simulation) Models are Necessary
It is often of interest to study a dynamic realworld system to learn something about its behavior. However, it is generally necessary to use a model to study the performance of the system, since experimentation with the system itself is disruptive, not costeffective, or simply impossible (e.g., the manufacturing facility
has not yet been built).
For example, consider a manufacturing firm that is contemplating building a large extension onto one of its plants but it is not sure whether the potential gain in productivity would justify the construction cost. It certainly would not be cost-effective to build the extension and then remove it later if it does not work out.
However, an appropriate model could shed some light on this question by allowing the operation of the plant to be studied as it currently exists and as it would be if the plant were expanded.
--If the relationships which compose the model are simple enough, it may be possible to use mathematical methods (such as algebra, calculus, or probability theory)
to obtain the exact answers to the questions of interest; this is called an analytic solution. As an example of an analytic solution, consider the single machine tool shown in Figure  1 . Jobs (or work pieces) arrive to the machine tool and request processing.
If the machine is idle when a job arrives, then processing of the job begins immediately.
Otherwise, the job joins the end of a queue. When the machine finishes processing one job, it then begins processing the first job in the queue (if any). Let a be the rate at which jobs arrive to the machine (i.e., jobs per unit time) and let p be the rate at which the machine can process jobs.
Cl
If we assume that a is less than p, then it can be shown under appropriate assumptions that the long-run average time a job spends in the system (in queue plus being processed), w, is given by w = l/(p-a).
Thus, this formula can be used to determine easily the average time in system for various legitimate values of a and p.
Unfortunately, however, most manufacturing systems are too complex to allow realistic models to be evaluated mathematically, and these models must be studied by means of simulation. Then the statistical counters "number completed"
and "total time in system" are updated to the values 1 and 43 = 0 + Wl, respectively.
Since there was a job in queue prior to this departure (number in queue was equal to l), this job leaves the queue and begins being processed at time 98. The number in queue is reduced from 1 to 0 and the entries in the array are updated accordingly.
The time of the next departure, 134, is computed by adding P2 -36 to the time the job (the one which arrived at time 87) is beginning service, 98, and the time of the next arrival is unchanged. Since 111< 134, the simulation clock is advanced to time 111 where an arrival will occur, etc. 
DEVELOPING VALID AND CREDIBLE SIMULATION MODELS OF MANUFACTURING SYSTEMS
A simulation model is a surrogate for actually being able to experiment with a manufacturing system (see Section 1.1). Thus, an idealized goal in building a simulation model is for it to be accurate enough so that any conclusions drawn from the model would be the same as those derived from physically experimenting with the system (if this were possible). We will, however, not know for most simulation models whether this goal is realized.
It is not necessary to have a one-to-one correspondence between each element of the actual system and each element of the simulation model.
Indeed, a simulation model should be designed to meet a specified set of objectives, rather than to be universally valid. shop floor input data (e.g., observed machine repair times).
STATISTICAL ISSUES IN MANUFACTURING SIMULATION
Since random samples from input probability distributions (e.g., a machine repair time distribution) are used to drive a simulation model through time, the output data from a simulation (e.g., daily throughputs) are also random samples from probability distributions.
Therefore, it is important to model correctly the random inputs to a simulation model and also to design and analyze simulation experiments in a proper manner.
These subjects are briefly discussed in this section. by an appropriate probability distribution in the srmulation model.. Procedrlres for selecting an appropriate probability distribution, which depend on whether system data are avai.lable or not, are discussed in Chapter 5 of Law and Kelton (see "REFER--ENCES").
Suppose that an appropriate probability distribution has been determined for each random variable in a simulaticn model. Then a random-number generator is used to generate random :samples from these distributions as the simulation advances through time.
(A random-number generator is typically a computer-based mechanism for generating a "random" value between 0 and 1, with each possible value being equally likely.) For example, suppose that the repair time for a broken machine is uniformly distributed on the interval [6, 101 minutes (i.e., each value between 6 and 10 minutes is equally likely).. When the machine actually breaks down during the course of the simulation, a . repalr time 1s determined by generating a value from the random-number generator, multiplying this value by 4, and then adding 6.
We now present an example to illustrate the importance of correct input modeling for manufacturing systems.
Suppose that a company is going to buy a new machine tool (see Section 1.1) from a vendor which claims that the machine will be down 10 percent of the time.
However, the vendor has no data on how long the machine will operate before breaking down or on how long it will take to repair the machine. Historically, some analysts have accounted for random breakdowns by simply reducing the processing rate by 10 percent.
We will see, however, that this can produce quite inaccurate results.
Suppose that the single machine tool system will actuallv operate in accordance with the following assumptions when installed by the purchasing company:
i) Jobs arrive with exponential interarrival times with a mean of 1.25 minutes.
ii)
Processing times for a job at the machine are a constant 1 minute.
iii) The machine runs for an exponential amount of time with mean 540 minutes (9 hours) before breaking down.
iv) The repair time for the machine has a gamma distribution (shape parameter equal to 2) with mean 60 minutes (1 hour).
v) The machine is, thus, broken 10 percent of the time.
( All times are in minutes.
*Average over five runs.
#Maximum over five runs.
that the weekly throughput is almost identical for the two simulations.
(For a system with no bottlenecks which is simulated for a long amount of time, the throughput for a 40-hour week must be equal to the arrival rate for a 40-hour week which is 1920.) On the other hand, note that such measurea of performance as mean time in system for a job and maximum number of jobs in queue are vastly different for the two cases.
Thus, the deterministic adjustment of the processing rate produces results which differ greatly from the correct results based on actual breakdowns of the machine.
In column 2 of Table 1 are results from five simulation runs of length 160 hours for the machine tool system with breakdowns, but with a mean running time of 54 minutes and a mean repair time of 6 minutes.
(Thus, the machine is still broken 10 percent of the time.)
Note that the mean time in system and the maximum number in queue are quite different for columns 1 and 2. Therefore, when explicitly accounting for breakdowns in a simulation model, it is also important to have an accurate assessment of mean running time and mean repair time for the actual system.
Design and Analysis of Simulation Experiments
One of the most common (and potentially dangerous) practices in simulating manufacturing systems is that of making only one run ( 
SIMULATION ANALYSIS OF A MANUFACTURING SYSTEM
In this section we show, by means of an example, how simulation can be iteratively used to design a manufacturing system, However, due to space considerations we will not give a complete specification of the system. A company is going to build a new manufacturing facility which will consist of a receiving/shipping (R/S) station and five work stations. The distances between the stations have been decided; however, one of the goals of the simulation study is to determine the number of machines needed in each work station.
Jobs arrive
at the R/S station with exponential interarrival times having a mean of l/l5 hour. There are three types of jobs, with each type occurring with a specified probability. Furthermore, each type requires a specified number of tasks to be done, and each task must be done at a specif.ied work station in a prescribed order. For example, a type 1 job begins at the R/S station, visits work stations 3, 1, 2, 5, and then leaves the system at the R/S station.
A job must be moved from one station to another by an automated guided vehicle (AGV), and one of the goals of the simulation study is to determine the required number of AGVs. When an AGV becomes available, it processes requests by jobs using a shortestdistance-first priority rule.
The machines in a particular work station are fed by a single first-in, first-out queue. Furthermore, the time to process a job at a particular machine has a gamma distribution (shape parameter equal to 2) whose mean depends on the -job type and the work station to which the machine belongs.
When a machine finishes processing a job, the job blocks that machine (i.e., the machine cannot process another job) until the job is removed by an AGV. 
